The main goal of this paper is to provide a novel risk aversion model for long-term electric power system planning from the manager's perspective with the consideration of various uncertainties. In the proposed method, interval parameter programming and two-stage stochastic programming are integrated to deal with the technical, economics, and policy uncertainties. Moreover, downside risk theory is introduced to balance the trade-off between the profit and risk according to the decision-maker's risk aversion attitude. To verify the effectiveness and practical application of this approach, an inexact stochastic risk aversion model is developed for regional electric system planning and management in Ningxia Hui Autonomous Region, China. The series of solutions provide the decision-maker with the optimal investment strategy and operation management under different future emission reduction scenarios and risk-aversion levels. The results indicated that pollution control devices are still the main measures to achieve the current mitigation goal and the adjustment of generation structure would play an important role in the future cleaner electricity system with the stricter environmental policy. In addition, the model can be used for generating decision alternatives and helping decision-makers identify desired energy structure adjustment and pollutants/carbon mitigation abatement policies under various economic and system-reliability constraints.
Introduction
In recent years, with more concern on environmental aspects, achieving sustainable social development is an important challenge faced by many countries around the world. In particular, for China, haze weather, mainly caused by coal-fired power plants, heavy industry, and vehicles, is responsible for respiratory illness, stroke, heart disease, cancer, and birth defects. The amount of sulfur dioxide (SO 2 ) and nitrogen oxide (NO x ) emission from thermal power industry accounts for more than 40% of the national emissions in China. Electricity industry has been one of the main contributors to environment degradation with a larger amount of SO 2 , NO x , and particle pollution (PM) emission and ever-growing power demand [1] . Many researches have been done to seek the trade-off between energy system and environment system [2] . Although various emission control schemes have been pushing forward in order to meet even stricter air pollution standards, the actual environmental quality has not been improved duo to many challenges in the processes of environment-friendly energy systems management. Firstly, energy systems are complicated with uncertainties that may exist in many system parameters (e.g., power load demand, energy prices, and available resources) [3] ; their 2 Mathematical Problems in Engineering interrelationships would intensify the competitive issue of energy system planning and environmental quality management. Secondly, regional decision-makers are facing difficulties in dealing with the inevitable conflicts between economic and environmental goals under the stricter pollution control policy [4] . Therefore, reasonable and effective regional electricity system planning constrained by environmental quality under uncertainty is desired.
Previously, a number of inexact optimization methods were developed for reflecting the uncertainties/complexities and managing energy and environmental planning under uncertainty, including included fuzzy mathematical programming (FMP), stochastic mathematical programming (SMP), chance-constrained programming (CCP), and interval parameter programming (IPP) [5] [6] [7] [8] [9] [10] [11] . For example, Guo et al. (2008) developed an interval chance-constraint semiinfinite programming for regional energy system planning under uncertainties, where energy sources allocation, fuel prices, environmental regulations, and regional energy structure were desired [12] . Xie et al. (2010) proposed an interval fixed-mix stochastic programming model for greenhouse gas emissions reduction management in a regional energy system under uncertainties [13] . Li and Huang (2012) proposed a scenario-based multistage interval-stochastic integer programming model for electric-power system planning with environmental emission management under uncertainty [14] . Dong et al. (2013) developed a fuzzy radial interval linear programming model for robust planning of energy management system, in which the uncertainties were expressed as fuzzy sets and regular and radial intervals [15] . Cai et al. (2009) developed a fuzzy-random interval programming model for energy management systems strategy optimization under multiple uncertainties [16] . Ji et al. (2014) proposed a two-stage stochastic inexact robust optimization model for residential microgrid energy management, where combined cooling, heating, and electricity technology were introduced to satisfy various energy demands [17] . Among these techniques, inexact two-stage stochastic programming (ITSP) with recourse, integrated interval-parameter programming, and two-stage stochastic programming (TSP) could deal with uncertainties expressed as probability distributions and discrete intervals and received extensive attentions over the past years [18] [19] [20] . In the ITSP model, an initial energyrelated decision is first undertaken before the random events happen; after the random information associated with the stochastic nature of emission-reduction targets is known, a second-stage decision can be made in order to minimize "penalties" that may appear due to any infeasibility. In general, ITSP is effective for problems where an analysis of policy scenarios is desired and was successfully applied in many fields. A remarkable limitation of the methods is their incapability in reflecting the risk of failing to limit a cost target (or reach an income target) and enhancing the system stability in regional energy system management with multiple power-generating technologies, due to considering the minimum cost or maximum net benefit as the system optimization objective [21] .
Failure to consider the risk would lead to unrealistic expectations in investment profits and even investment losses. Since the construction of electricity facilities is irreversible and extremely expensive, it is imperative to deal with investment and operation risk cautiously [22] . In order to reflect such risk aversion in energy system management, downside risk was proposed to measure the system variability for a risk-averse energy system manager. The downside risk methods consider any cost above the fixed investment as a risk, measure risk below a certain point, and take all deviations below a target level into consideration [23, 24] . Downside risk has been applied in many risk management studies, like investment portfolio, water quality management, and energy market [25] [26] [27] . Nevertheless, few studies have been found in developing an inexact twostage stochastic downside risk-aversion (ITSDP) model for supporting regional electric-power systems planning under a general regional pollutants emission mitigation and electricity demand management framework.
Therefore, considering the recent liberalization of the electricity markets and the long-term electricity system planning with maximum profits and risk-aversion from the manager's perspective, the objective of this study is to developed an inexact two-stage stochastic downside riskaversion model for electricity system planning and environmental pollution reduction management over a longterm planning horizon in Ningxia Hui Autonomous Region (Ningxia), China. This objective entails the following: (i) combination of interval parameter programming, two-stage stochastic programming, and downside risk method into a general planning framework for reflecting the uncertainties/complexities in regional energy-environmental systems; (ii) development of a regional energy-environmental systems management model to address interactions among energy supply, power generation, and load demand and air pollutants emissions; (iii) application of the developed method for regional electric-power systems planning with different emission mitigation level and risk-aversion attitudes in Ningxia Hui Autonomous Region (Ningxia), China. The proposed model will help obtain multiple power generation schemes under different environmental requirements, income targets and risk levels, which are valuable for creating an ecofriendly society and maintaining the sustainable development of regional energy system.
Methodology
Two-stage stochastic programming (TSP) could provide feasible solutions for programming problems under uncertainties. In TSP, the uncertain parameters are usually expressed as probability distribution functions (PDFs) [28, 29] . In TSP, decision variables are divided into two subsets: those that must be determined before the realizations of random variables are known and those (recourse variables) that are determined after the realized values of the random variables are available. A general TSP model can be formulated as follows [30] :
subject to
where is vector of first-stage decision variables; is first-stage benefits; is random events after the first-stage decisions are made; is the scenario of the happening of random events; is probability of event ; ( ), ( ), ℎ( ) are model parameters with reasonable dimensions (random parameters); ( , ) is system recourse at the second stage under the occurrence of event ; ∑ =1 ( , ) is expected value of the second-stage system penalties.
Although the TSP models could deal with probabilistic uncertainties in the model's right-hand sides which are often related to resources availability, they have difficulties in handling independent uncertainties of the model's left-hand sides and cost coefficients. Interval-parameter programming is an alternative for handling uncertainties in the model's left-and/or right-hand sides as well as those that cannot be quantified as membership or distribution functions, since interval numbers are acceptable as its uncertain inputs [31] . Assume ± to be a set of intervals with crisp lower bound (e.g., − ) and upper bounds (i.e., + ), without information about distribution. Thus, a set of closed and bounded interval numbers could be denoted as ± [32] :
Introducing interval parameters into conventional ITSP model, the models (1a)-(1d) could be further modified as follows [33] :
On the other hand, the goal of the ITSP model could be maximizing the total expected profit (or minimizing the total expected cost). While considering risk management, it fails to provide appropriate strategies to achieving minimum profits (or controlling maximum costs) over the different scenarios. Thus, risk management theory should be added to increase the feasibility and reliability of the programming system.
According to previous research on risk management, downside risk theory is a successful approach to assess and manage risk. It can assist to incorporate risk concern (i.e., the tradeoff between the expected value and variability of the expected value) into optimization models. To present the concept of downside risk, we define ( , Ω) as the positive deviation from a profit target Ω for design and Profit( ) as the benefit during the planning horizon; that is,
Downside risk is then defined as the expected value of ( , Ω)
To incorporate the concept of downside risk in the framework of two-stage stochastic models, let ( , Ω) present the positive deviation from the profit target Ω for design and scenario defined as follows [34] :
Because the scenarios are probabilistically independent, the expected value of ( , Ω) (i.e., downside risk) can be expressed as the following linear function of :
Based on the definitions of downside risk, it is found that downside risk is an expectation in income/cost, which is quite different from the definition of other risk measures that represents a probability value. Moreover, ( , Ω) is a continuous linear measure because it does not require the use of binary variables in the two-stage stochastic formulation [35] . This is a highly desirable property to potentially reduce the computational requirements of the models to manage risk. If the decision-maker is risk averse, he/she would prefer the lower risk. In this case, we can introduce a downside risk into the ITSP model to averse the risk. The schematic diagram of the proposed inexact two-stage stochastic downside risk-aversion programming is illustrated in Figure 1 . Therefore, an inexact two-stage stochastic downside riskaversion programming can be formulated as follows: subject to
where ± is the expected downside risk value that calculates through the solution of the ITSP model and is a control factor to acquire a more stringent limitation of risk, ∈ [0, 1]. By computing the objective function for different values of , we can obtain a series of solutions with the consideration of manager's risk tolerance.
Models (8a)-(8g) can be transformed into two deterministic submodels that correspond to the lower and upper bounds of desired objective function value. This transformation process is based on an interactive algorithm, which is different from the best/worst case analysis [33] . The objective function value corresponding to + is desired first because the objective is to maximize net system costs. The submodel to find + can be firstly formulated as follows (assume ± ≥ 0 and ± ≥ 0):
Profit
where ± , = 1, 2, . . . , 1 , are interval variables with positive coefficients in the objective function; ± , = coefficients; ± , = 1, 2, . . . , 2 and = 1, 2, . . . , , are random variables with positive coefficients in the objective function;
± , = 2 + 1, 2 + 2, . . . , 2 and = 1, 2, . . . , , are random variables with negative coefficients. Solutions of
, and
. . , 2 ) can be obtained through submodels (9a)-(9k). Based on the above solutions, the second submodel for − can be formulated as follows:
Solutions of − opt ( = 1, 2, . . . , 1 ),
. . , 2 ) can be obtained through submodels (10a)-(10k). Through integrating solutions of submodels (9a)-(9k) and (10a)-(10k), interval solution for models (8a)-(8g) can be obtained
Case Study

The Electricity Sector in Ningxia.
Ningxia Hui Autonomous Region (simply "Ningxia" for short), located in northwestern China (35 tones in Ningxia, where the total amount accounts for sixth place and the average amount per capita rank the first in China. In addition, due to the abundant coal resources in the region, the primary energy production was 62.36 million tones standard coal, where coal, crude oil, and renewable energy (hydropower, wind power, and photovoltaic power) accounted for 98.5%, 0.2%, and 1.3% of the total amount in 2012, and the total energy consumption was 45.70 million tones standard coal, and the coal consumption accounted for 86.40% of the total energy consumption amount. Moreover, Ningxia is abundant in renewable and sustainable energy resources, especially solar energy and wind energy. The region locates in the northwest of China at high elevations with long sunshine hours (annual cumulative sunshine hours for 2250∼3100 hours) and high solar radiation intensity (4950∼6100 MJ/M on average). According to statistics of meteorological department, the total wind energy reserves in Ningxia are approximately 22.53 GWh, nearly half of which are available for wind power generation (12.14 GWh).
From the view of electric-power structure, the main power generation technologies include coal-fired power, gasfired power, and hydroelectric, wind, and solar power. By the end of year 2012, the total installed capacity in Ningxia reached 20 GW, where 16.40 GW (81.99%) corresponded to thermal power plants, 0.43 GW (2.13%) corresponded to hydropower plants, and 2.65 GW (13.23%) and 0.53 GW (2.65%) corresponded to wind and solar power plants. In general, the power generation is to meet the regional socialeconomic development and sell surplus electricity to the other regions. In 2012, the power generation was 101.105 × 10 3 GWh, and the electricity consumption was 74.179 × 10 3 GWh, where the power generation by coal-fired power was 95.470 × 10 3 GWh in Ningxia. Moreover, the local load demand increases steadily over the next two decades and the industrial electricity consumption accounts for 80 percentage of the total load demand. With the future economic development, a solution must be found to fill this energy gap and meet the long-term capacity needs. Besides, as an important energy base with abundance renewable energy, its clean electricity export also increases in recent years. Expansion plans should aim to adequately achieve electricity demand forecasts while meeting several additional criteria.
From the above analysis, electric industry of Ningxia, mainly based on coal-fired power, is one of the important industries in energy consumption. The power structure would lead to a serious environmental problem and a larger amount of pollutants emission. For example, in 2012, the total amount of sulfur dioxide (SO 2 ) emission was 406.60 kilotonnes, where the discharge amount form electric-power industry was 24.36 kilotonnes and accounted 52% of the total emission amount. As regional economic development and people's living standard improved, the power demand would be increase accordingly and enhance the robustness of the regional power grid and the stress of carbon and air pollutants mitigation. In order to change the electric-power structure, from the long-term and middle-term development plans of renewable energy, by the end of 2015, a large scale of renewable energy projects will be installed and the generation capacity of wind and solar power would be 5.00 GW and 1.00 GW. Therefore, how to balance the contradiction between electricity demands and air pollution reduction goals and how to plan the development scale of renewable power conversion technologies in order to meet the optimization demand of electric-power structure and the goals of clean power generation would be the main challenge during the future regional power system development.
Mathematical Model Description.
Consider that the future electricity demand during the planning horizon is often modeled as an uncertain parameter associated with a probability distribution, in order to achieve the regional electric-power system sustainable development. This study is to formulate an optimization model for determining the optimal investment timing and operational decisions that maximize the expected profit and minimize the associated risk over a time horizon of 15 years (2013-2027). The future profits are the electricity selling income after deducting the energy cost, generation operation cost, expansion cost, and emission treatment cost. Thus, the risk-constrained profitmaximization decision-making problem faced by regional electricity manager within the market framework can be formulated as follows:
where ± is the expected profit for investment and management of electricity system over the planning horizon (10 9 $). Income:
where is time period; ℎ means the electricity demand level (ℎ = 1, 2, and 3 for low, medium, and high level, resp.); ± ℎ and ± ℎ represent the local load demand and export electricity during period (TWh); ± and ± denote the local electricity price and regional trading electricity price ($10 6 /TWh). Energy resources cost:
where is the type of power conversion technology, = 1 for coal-fired power, = 2 for natural gas-fired power, = 3 for hydropower, = 4 for wind power, and = 5 for solar power; is the amount of energy consumption for per unit electricity through conversion technology (tonne/GWh).
Generation cost:
where ± represent the operating cost of power conversion technology for preregulated electricity generation in period ($10 3 /GWh); ± represent the penalty cost of power conversion technology for excess electricity generation in period ($10 3 /GWh); ± is the preregulated electricity generation target of power conversion technology which Mathematical Problems in Engineering 7 is promised to end users during period (10 3 GWh); ± ℎ is the excess electricity generation of power conversion technology by which electricity generation target is exceeded when electricity demand level is ℎ in period (10 3 GWh). Expansion cost:
where ± ℎ is binary variable for identifying whether or not a capacity expansion action of power conversion technology needs to be undertaken when electricity demand level is ℎ in period ; ± ℎ is continuous variable about the amount of capacity expansion of power conversion technology when electricity demand level is ℎ in period (GW);
± is the fixed-charge cost for capacity expansion of power conversion technology in period ($10 6 ); ± is the variable cost for capacity expansion of power conversion technology in period ($10 6 /GW). Emission treatment cost:
where is the type of pollutant, = 1, 2, and 3 for SO 2 , NO x , and particulate matter (PM), respectively; is the type of control measure. When = 1, = 1 for soda ash scrubber (SAS), = 2 for wet limestone scrubber (WLS), and = 3 for lime spray dryer (LSD); when = 2, = 1 for selective catalytic reduction (SCR), = 2 for selective noncatalytic reduction (SNCR); when = 3, = 1 for fabric filiter/baghouse (BH), = 2 for electrostatic precipitator (ESP), and = 3 for wet collector (WC);
± represents preregulated amount of pollutant generated from power conversion technology to be mitigated by control measure in period (tonne); ± ℎ represents excess amount of pollution generated from power conversion technology to be mitigated by control measure when electricity demand level is ℎ in period (tonne).
± is the operation cost of control measure for preregulated pollutant emissions during period ($/tonne); ± is the operation and penalty cost of control measure for excess pollutant emissions during period ($/tonne); ℎ is the probability of demand level ℎ occurrence in period , subject to the following.
(1) Energy Resources Constraints. In energy resources supply and conversion processes, it should ensure that energy demands for end users (industry, municipality, and transportation) and conversion activities are less than the supplies through local production and imports,
where ± is the upper bound of the resource availability for conversion technology in period (10 3 TJ).
(2) Electricity Balance Constraints. According to the principle of supply security and saving and effective use of power resources, the total amount of power generation should not be less than the load demand of different departments in the system,
where ± ℎ and ± ℎ represent the local and exported electricity demand in period under ℎ level (TWh).
(3) Generation Technology Constraints. In the process of power supply, the electricity generation capacities of different conversation technologies determine the amount of power supply in each regional. The electricity generation should not be greater than the maximum ability,
where is the average service time of power conversion technology in period (ℎ);
is the residual capacity of conversion technology (GW).
(4) Expansion Constraints. For each power conversation technology, the amount of its production should be less than the total installed capacity. In addition, if this requirement is violated, additional capacities will be installed,
(5) Pollutant and CO 2 Emission Calculation. Consider
where ± denotes the pollutant emission of per unit electricity production for power conversion technology in period (tonne/GWh).
(6) Emission Constraint. The air pollutants treatment facilities should be set up to protect the environment from pollution, and the discharge amount from the power generation process should not excess the maximum availability of pollutants emission,
where represents the average control measure efficiency for pollutant handled by measure.
is the emission allowance of pollutant in period .
(7) Downside Risk-Aversion Constraint. According to the regional development planning, the income from energy sector would have a profit target and it should control the risk of violating the income target within limits,
where ± and ± are the price of coal and natural gas in period ($10 3 /TJ), respectively.
Data Collection.
The planning horizon is divided into three periods with each one representing a 5-year span. New power plants are desired to satisfy the future local electricity demand and export demand. Under pollution reduction policy, renewable energy generation is encouraged to adjust the generation structure. The forecasted value of electricity demand and future generation targets is presented in Table 1 . Considering the economic and social uncertainties, the future electricity demands are assumed to be at high, medium, and low level with the respective possibility. Economic and technological parameters of each power conversion technology are time dependent parameters, which are listed in Table 2 . Three main pollutions (SO 2 , NO x , and PM) are strictly controlled. There is a range of pollution control technologies available to retrofit current power plants.
For instance, for SO 2 treatment, there are soda ash scrubber (SAS), wet limestone scrubber (WLS), and lime spray dryer (LSD). Table 3 shows the regular and penalty costs of different pollution control techniques. Except the uncertainties of economic development, the external environmental policy is also a key factor influencing the decision. 
Results Analysis
In this study, three environmental policies with different pollutants mitigation levels will be considered (i.e., 0%, 20%, and 30% reduction goal, resp.). Besides, different sets of values (i.e., = 1.00, 0.85, 0.70) reflecting the decision-maker's risk attitude have been tested. For comparison purposes, planning without downside risk control is computed through the interval two-stage stochastic programming model. This model could be solved by LINGO software, and a series of optimal solutions can be obtained under different scenarios and value. The above-formulated inexact two-stage stochastic programming model combined with downside risk was solved with Lingo on a computer Intel(R)-Core(TM) Duo with 3.00 GHz. The whole process took nearly 18 seconds, and a series of optimal solutions could be obtained under different scenarios and value. Table 4 provides the optimal power generation strategies for both predesigned and excess electricity generations under the scenario of 20% emission reduction goal and = 1.00. The results indicated that optimized coal-fired power generation targets would be 280.00 × 10 3 GWh, 260.00 × 10 3 GWh, and 250.00×10 3 GWh in periods 1 to 3, respectively, which are corresponding to their upper-bound targets. In comparison, the natural gas fired power and solar power generation targets would reach to their lower bound. For example, the optimized natural gas fired power would be 30.00×10
3 GWh, 35.00 × 10 3 GWh, and 41.64 × 10 3 GWh in periods 1 to 3, respectively; and the solar power generation targets would also be 5.00 × 10 3 GWh during the whole planning period. The wind and hydropower generation targets would be close to their lower bound. This is mainly because the conversion technologies correspond to comparatively low, regular, and surplus operation costs, even though they have a high pollutant-emission rates, and the requirements of pollutant emission reduction have not affected the power generation structure. In addition, as the demand level increases, the excess power generation would be increased to fill the power shortage in the energy system and the coal-fired power and hydropower would be vitally important as the recourse action to compensate the deficits over the planning horizon. In general, the optimized electricity generated by coal-fired power technologies would account for over 70% of the total power generation. The renewable energy would play a greater role in the future, with governments offering incentive programs to make "green" energy a more economically viable option. For example, under the high demand level, the natural gas fired power, hydropower, and wind power generation would be increased from 30.00 × 10 In order to satisfy the ambient air-quality requirement, an action plan for air pollution control would be implemented according to the national express provision for improving air quality. For the electric-power system in Ningxia, the treatment and emission amounts of pollutants during the planning horizon under the scenario of 20% emission reduction goal and = 1.00 are presented in Table 5 . The main atmospheric pollutant existing in the regional electric-power system would be SO 2 and NO x during the planning period. In detail, during period 1, for the medium demand level, the optimal treatment amount of SO 2 6 tonne, respectively. In addition, duo to the dominant proportion of coal electricity in its electricity energy formation, higher load demand would require more electricity supply, and thus more pollutants need to be treated accordingly. For example, during period 2, the treatment amount of SO 2 3 tonne under the three-demand level in period 3. Moreover, with the development of renewable energy sources, the amount of pollutants treatment and emission would have a slight decrease trend. For example, 3 tonne in periods 1 to 3, respectively. For a short term, coalfired power would also be the main way of regional electricity supply and coal-fired power plants pour a large volume of pollutants to the atmosphere, for example, SO 2 and NO x , while generating energy. It is a top priority of environment protection to bring emission of SO 2 and NO x under control.
In order to analyze the influence of external environmental policies, we set the manager's risk attitude at some certain level (i.e., = 0.85) and compare the results. Figure 3 illustrates the generation strategies for conventional technologies under different emission reduction goals with = 0.85. The electricity supply structure has no change until emission reduction targets is higher than 30%. Although coal-fired generation would be still at domination, the stricter environmental policy would fascinate the clean energy utilization during the planning horizon. For example, during period 1, with high load demand expectation and the loosest environmental policy (0% reduction goal), the power generated by coal, natural gas, hydropower, wind, and solar power would be Figures 3 and 4) . It indicated that the pollution emission reduction would be mainly through the further application of pollution treatment technologies (e.g., project reduction) and the electric-power system structure adjustment (e.g., structure reduction) in the region would be supplemented in order to reduce the pollutants discharge, when the reduction goal level is under 30% during the whole planning horizon. In comparison, when the pollutants mitigation level is equal to or greater than 30%, the capacity of project reduction would reach to their upper bound and the structure reduction would begin implementing by enlarging ratio of clean energy utilization and reducing total quantity of coal consumption. The main explanation for these results in Figures 3 and 4 is that the capacity expansion and operation cost of renewable energy generation is much higher than the cost of pollution control. Besides, it is hard to change the energy structure with the domination of coal-fired power in short term. As a result, pollution control devices are the main contributor for pollution treatment. With the higher requirement of emission reduction, the treatment capabilities of pollution control devices reach their maximum limits and the adjustment of generation structure begins to take effect on the regional air quality improvement. Moreover, the solutions under different risk-aversion levels (downside risk levels) of the managers or decision-makers with the certain external environmental policy are discussed as follows. Figures 5 and 6 present the optimal generation strategies and pollutants-emission amount with 30% reduction goal, respectively. Under the loose environmental regulatory policy (lower than 30% reduction goal), the acceptable expected risk has no impact on the optimal solution of the model. Thus, the decision-maker could improve the expected income under the pollutants mitigation level below 30%. In Figure 5 , the results indicated that during periods 1 and 2, the risk-aversion level changes have no influence on the generation structure. However, during period 3, as the downside risk level increasing, the electricity generated by coal-fired power would have a decrease trend and the natural gas fired power and hydropower generation would increase, especially under the low power demand level. In detail, with low demand level, the coal-fired power generation would be [362. 81 3 GWh, when the values are fixed as 0, 0.7, and 1.0, respectively. It indicated that when the pollutants reduction level is equal to or greater than 30%, the power generation schemes would change as value increases, and the constraints of expected risk and expected income have effect on limiting the unbalance development among different power generation technologies. Figure 6 provides an illustration of pollutants emission amount under different risk-aversion decisions. Under the high demand level, the amount of SO 2 , NO x , and PM emission would have no change as the value increases. In general, under the low demand level, the emission amount of the pollutants would have slight decrease trends. For SO 2 , the total emission amount would be 336.00 × 10 tonne when the values are fixed as 0 and 1.0. Generally, as value increases, the power generated by the technology with lower cost and higher air pollution-emission rate would decrease, and the amount of renewable power generation with low pollution-emission rate would increase. In such a case, the extreme risk could be lowered and the system feasibility could be enhanced. From the above analysis, it is indicated that the effect of the risk measure on the modeling outputs could be adjusted by changing value. Figure 7 shows the model's optimal net benefits under various emission reduction scenarios and risk-aversion levels. As expected, stricter environmental regulatory policy would cause higher system costs and result in lower net benefits. For example, the optimal objective net benefits in ITSP model would be [3738. 43 6 $, when the pollutants emission reduction goal is 0%, 20%, and 30%, respectively. This implies that, when environmental constraints are added, high-efficiency mitigation measures/renewable power projects must be installed to reduce the pollutant emissions and to satisfy the environmental requirements and that would lead to a higher cost for the regional electric-power system. Besides, higher riskaversion level would lead to a lower objective net benefit. 6 $ with the value of as 0.70, 0.85, and 1.00 under 30% emission reduction goal, respectively. It indicated that a lower value would result in a higher possibility of system loss in extreme conditions. Moreover, with the introduction of downside risk aversion, it restricts expressivity of the power generation technology with higher income and reduces the downside risk of failing to reach an income target as much as possible.
Conclusion
In this paper, an inexact two-stage stochastic programming model combined with downside risk theory is developed to deal with the long-term electricity system programming. In the framework of inexact two-stage stochastic programming, the uncertainties are allowed to be expressed as interval numbers. The results help the decision-maker to arrange investment plan including capacity expansion and pollution control devices with the aim of maximum total profits and also assist in providing optimal operation strategy. The downside risk allows providing the proper trade-off strategy between the maximum profit and minimum risk with the consideration of the decision-maker's risk-aversion levels. The capability of this approach is verified through its application on the electricity system in Ningxia, China. The results indicate that pollution control devices are still the main measures to achieve the current mitigation goal, and with the stricter environmental policy, the adjustment of generation structure would play an important role in the future cleaner electricity system. The presented approach would be applied to other energy system programming and handle the risk management problem when facing various uncertainties. In future research, more flexible market machine (e.g., CO 2 trading machine) should be considered in the long-term electricity system programming.
